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Configuration Manual

Emmanuella Anita Odiaka
Student ID: x23282819

Introduction

This report gives a detailed breakdown to the configuration and Implementation of the

project.

1 Environment

This section details the environmental and system requirement setup that was used in

implementing the project.

A Systems Configuration

Table 1: Software Configuration

Requirement Specification

Programing Python Version 3

Language

Tools Google Collab, WORD Open Al
LLM

Google Drive Access to Drive for the Data

Operating System | macOS Sequoia 15.6

Table 2: Hardware Configuration

Requirement Specification
Processor 2.3 GHz 8-Core Intel Core 19
Memory 32 GB 2400 MHz DDR4
Computational Google Colab's CPU, 12.7 GB
resources RAM

B Dataset

The rental data was taken from Kaggle as seen in Figure 1. It originally had 2,718 rows of
daft.ie rental data. The data was downloaded in CSV format and then uploaded to Google

drive.
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Figure 1: Rental Data Source

On the other hand, 14 government policy documents were coined from the internet using
keyword searches like “Irish Rental Policy”. The report appendix shows the details of the
documents used and the sources they were derived from.

C Google Colab Setup

The gathered data are stored in a Google Drive folder and accessed via Colab’s mount
function as shown in Figures 2 and 3 respectfully.

My Drive > Masters-Project > Project Data ~

| Type - || People - || Modified - || Source ~

Name 1 Last mo... v File size
BB  Governmet Policies Documents ) me

B daftv 2csv

Figure 2: Data Location in Google Drive

The Mount function was used to build a connection between google drive and Colab to
access the files as seen in Figure 3.

v Mount Drive and Access files

v © from google.colab import drive
drive.mount('/content/drive')

rent_df = pd.read_csv('/content/drive/MyDrive/Masters-Project/Project Data/daft_v_2.csv')
policy_dir = '/content/drive/MyDrive/Masters—Project/Project Data/Governmet Policies Documents'

-Zv Drive already mounted at /content/drive; to attempt to forcibly remount, call drive.mount("/content/drive", force_remount=True).

Figure 3: Loaded data using "Mount'" from Colab

Figure 4 shows the selected language and processor engine used for the course of this project.
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Figure 4: Colab Processor Engine

D Importing and Libraries
Figure 5 show the libraries imported and used for the implementation of the project.

© import pandas as pd
import os
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import warnings # Ignore useless warnings (see SciPy issue #5998)
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler, OneHotEncoder
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score

warnings.filterwarnings(action="ignore", message="~internal gelsd")

import PyPDF2

import openai

import json

from getpass import getpass
import shap

import lime

import lime.lime_tabular

Figure 5: Libraries

2 Analysis and Evaluation of the Baseline model

This section will show the breakdown of the steps carried out to fully prepare and Analyse
the baseline model.

A. Data Exploration and understanding

The process began by reading the basic information of the rental data and checking for null
values and the variable types. This is seen in Figure 6.



5+ Column names and their data types:

° # Display the first 5 rows "~ <class 'pandas.core.frame.DataFrame'>
print("First 5 rows e DataFrame:") RangeIndex: 2718 entries, 0 to 2717
display(rent_df.head()) Data columns (total 10 columns): price

Non-Null Count Dtype

Missing values in each column:
0

address
# Get column names and their data types
print("\nColumn names and their data types:")

non-null object e

address non-null object bedroom
rent_df.info() bathroom non-null  int64

bedroom non-null int64
# Get a summary of numerical columns furnish non-null object description 584
print("\nSummary of numerical columns:" description non-null  object
display(rent_df.describe()) EIRBEE A R el e ™ o
D non-null int64
longitude non-null float64 longitude 0
latitude non-null float64
print("\nMissing values in each column:") dtypes: float64(2), int64(3), object(5) fatitude ¢
display(rent_df.isnull().sum()) memory usage: 212.5+ KB dtype: int64

0
0
0
0

furnish 12

property type 0

# Check for missing values

Figure 6: Basic information of rental Data

B. Data Preparation
For this process, three tasks outlined below were performed after which the cleaned data was
sent to the model building phase.
e Data cleaning
In this step, the missing values identified earlier were removed, price was converted to
monthly values for consistency and the output was stored in a data frame for the
Exploratory Data Analysis phase. This is seen in Figure 7.

3> Final cleaned data shape: (2718, 9)

Missing values after cleaning:
price [}
address

bathroom

bedroom

furnish

property type

D0

longitude
latitude

dtype: int64

Figure 7: Data Cleaning Process

e Exploratory Data Analysis
His process involved performing a correlation analysis and viewing the relationship between
the variables. A snipet of the full process is as seen in figure 8.



Figure 8: EDA Process and Results

e Outlier Handling
Here, outliers were detected and handled with the InterQuartile Range method, using the
created ‘price_per bedroom’ feature. This process is highlighted in Figure 9.

Figure 9: Outlier Handling Process and Result

e Feature Engineering and Onehot Encoding
Before sending the cleaned data for model building, the categorical variables were encoded
and geographical features used in later analysis was engineered as seen in Figure 8.



ss'1.apply(extract_geographic_info)
("
display(cls

DataFrame after extracting geographical features:

price address bathroom bedroom  furnish

property
= ID longitude latitude price per bedroom  county city

1 150000 Alesbury Road, Balisbridge, Dublin 4, South Furnished House 22045922  -6.217086 53.320058 2499.999583  Dublin 4

South Dublin
city

5 Elgin Road, Ballsbridge, Ballsbridge,
2 150000 S

— O — sommooss  Duning SO Dun

3 10000.0

Elgin Foad, Balsbridge, Balbridge, Dublin i Houso 22043582 6235272 53520813 2400000375 Dublna  SOUN DUBID

Tivoli Terrace, Dun Laoghaire, South Co. . ; . . n  South Co.
e Furnished House 21920497  -6.139981 53.289568 2237.490441 | o00 e

Dublin City

Alexander Court, Fenian Street, Dubiin 2,
Dubl. Centre

Furnished Apartment 21916321  -6.246952 53.341271 2124999469  Dublin 2

s, columns=[" ', ‘property typ ‘. ‘city'l, drop_first= )

R e e 1D longitude latitude price per_bedroom furnish Furnished U7

.. county Skerries county Stillorg

Figure 10: Feature Engineering & One-Hot Encoding

C. Model Building

The next step involved splitting the data into training and test sets with an 80:20 ratio and
then sending the training data into the RandomForestRegressor model for training.
GridSearch CV was used to find the best parameters for the regression model. All this is
evidenced in Figure 11 below.

s, random_state=42)

RandomForestRegressor N

RandomForestRegressor(n_estimators=50, random_state=42)

Figure 11: Baseline Modeling

D. Evaluation

Appropriate metrics were used to evaluate the performance of the model on the test data,
after which feature importance analysis was carried out to see the top predictive features that
most influenced the model, as shown in Figure 12.



[ 1 # Make pre e test se
y_pred = modcl perlCl(X test)

Calculate evaluation metri
mae = mean_absolute_error(y_ tcst, y_pred)
mse = mean_squared_error(y_test, y_pred)
rmse = np.sqrt(mse)
r2 = r2_score(y_test, y_pred)

ae:.2f}")
23")
: {rmse:.2f}")

© # Get feature importances from the trained model
fcaturc _importances = mcdcl fcaturc meortancca

if 'cleaned_df_encc in locals():
df_for_ feature aned_df_encoded, copy{()
target_column = ‘price’
X_for_features = df_for_features.drop(columns=[target_column, ‘addr

feature_importances_series = pd.Series(feature_importances, index=X_train.columns)

# Get the top 10 most important fe

1op 10_features = feature meortan ries.nlargest(10)
#V lize th ature importances
toplﬂ features sorted = top_10_ features sort_values(ascending=f )

plt.figure(figsize=(10, 7))

sns.barplot( eatures_sorted.values, y=topl@_features_sorted.index, palette='viridis')
plt.title( ea line Model)')

plt.xlabel

plt.

plt.show()

print("Top r
print(top_. 10 fcaturcs)

“print(“Error: cleaned_df_encoded DataFrame not f

Figure 12: Baseline Model Evaluation & Feature Importance

3 Prerequisites for the Policy Documents Processing

This section focuses on the steps taken to prepare the policy documents for the data

extraction process.

A. Data preparation
Installs and file loading: First, the libraries needed for this section were installed and
imported into the notebook as has been shown in Section 2D. After that, the policy files
were loaded, and 2 samples were read to examine the structure and identify potential
challenges that could be encountered in the extraction step. This is shown in Figure 13.

* Files in the policy documents directory:
Planning and Development ( ng) and Residential Tenancies Act 2016.pdf
Residential Policy Covid
Affordable Housing Act pdf
ng Policy: A Deliver Change.pdf

Changes to . ial Rent Controls.pdf
Residential s Veluation Act 2020.pdf
1al Tenancies B

) AL! 2021, pdf
21,
2004 arv7<rn Updated to 15 May 2025.pdf
manpmvw'nﬁMdnﬂmwtwmmym'

Hous ing-5. pdf
Policy Options for Rent Controls in PRS.pdf
Assistance Payment (HAP).pdf

Figure 13: Policy Documents Loading and Reading

OpenAl API Key Input: The API key used to access Open Al was prompted and stored
as an environment variable and used to query the API as seen in Figure 14.



© # Use a prompt to enter the API key securely
# OPENAI_API_KEY:
—proj—SALF4b-I_I5bFSLXbyEwXigm5bV1EfjF_9W801seNCQBWCDEwxFPCVsZz-7Hm8xY-4WBs2AI3hT3B1bkFJ2VIKH8zQb

your OpenAI API key: ")

openai_api_key = getpass("Enter
= openai_api_key

os.environ["OPENAI_API_KEY"]
print(f"Policy document directory set to: {policy_dir}")

Enter your OpenAI API key: .
Policy document directory set to

Figure 14: LLM API Accessibility

B. Extraction Logic
Initial Extraction Logic: The process entailed defining a prompt template for the LLM
and deriving the extracted information in chunks of 10000-character limit to send to the
API and storing the resulting JSON output in a list that was later converted to a Pandas

Dataframe. A snippet of this process is shown in Figure 15.

# Cr f all ile paths
policy_file in(policy_t

thin the policy ctory
r, f) for f in os.listdir(policy_dir) if f.endswith('.p

extracted_data

rental polic

If information is not found, use "N/A".

# Iterate through each PDF file
for file_path in policy_files:
print(f"Processing file: {os.path.basename(file_path)}")
try:
with open(file_path, 'rb') as f:
PyPDF2.PdfReader(f)

m in range(len(reader.pages)):
reader. pages [page_num]
= page.extract_text() or "

fall bac

5 t a r a L or

10000 # length

max_chunk_length j
chunks = [
if len(text) > max_chunk_length:

# Simple charact i chunking for large tex
for i in range(@, len(text), max_chunk_length):

t
ul 0 chunk

if not chunks ults in

H Han
chunks = [text]

for i, chunk in enumerate(chunks)
if not chunk.strip(): # Skip e
continue
t the
e prompt tc mize text content in the chunk
current_prompt = prompt_template.format(chunk)

d the text chunk and the prompt to the OpenAI API

t that extr pecific

1,
response_format= r

1lm_output = response.choices[0].message.content

Figure 15: Initial LLM Extraction Logic

/content/drive/MyDrive/Masters-Project/Governmet Policies Documents

infori

The next step was to engineer features focused on policies related to Dublin, so the next
step in the process was to study the information contained within the geographical areas

feature of the new dataset. This is shown in Figure 16.



v Processing ‘geographical_areas

]

Figure 16: Listing of Geographical Areas from Extraction

Refined Extraction Logic: Based on how complex and varied the resulting data
attributes from the data was, a new stratergy with a refined logic was implemented to
drive the extraction to focus specifically on Dublin area — a snipet of which is seen in

Figure 17.

g ontent/d ies Documents
policy_files 0s.path.join(policy_dir, T) for in o0s.listdir(policy_dir) if f.endswith('.pdf')]

extracted_data = []

Irish housing

g *
or initiati

"o
Dublin,

(re-using policy_files list from previc

os.path. basename (file_path)}")

try:
with open(file_path, 'rb') as f:
PyPDF2.PdfReader(f)

_num in range(len(reader.pages)):
page = reader.pages [page_num]
text += page.extract_text() or ""
prompt length

[]
if len(text) > max_chunk_length:
# Simple character chunking for

Figure 17: Refined LLM Extraction Logic

C. Hybrid Dataset creation

The steps followed to generate the hybrid dataset started from identifying and aggregating
relevant key words or features from the extracted data and then linking them to individual
rental properties data to generate the hybrid dataset. These steps are shown in Figures 18 — 20

Aggregate policy features creation is on the presence of specific keywords like rent increase,
review criteria and housing supply details as seen in figure 18. Here, the merging of the
original cleaned baseline dataset and the aggregated features was carried out.

9



© #Let's c L ese 0 ic keywords or non-'N/A' values
# We'll W came from chunks of documents)

# Count non-'N/A' J S
num_rent_increase_mentions = policy_df [policy_df['rent L ] != 'N/A'].shape(0]
num_rent_review_mentions = policy_df[policy_df['rent_revi criteria'] != 'N/A'].shape[0]
num_housing_supply_mentions = policy_df[policy_df['housing_supply_details'] != 'N/A'].shapel0]

print(f"Number of policy entri mentioning rent increase caps: {num_rent_increase_mentions}")
print(f"Num f lic tri mentioning rent review criteria: {num_rent_review_mentions}")
print(f"Number of policy entries mentioning housing supply details: {num_housing_supply_mentions}")

# Create new columns in the inal DataFrame with these aggregate counts.

g agg
df_hybrid = cleaned_df_encoded.copy() # Create a copy to avoid modifying the original df directly

df_hybrid['poli ent_inc num_rent_increase_mentions
df_hybrid['policy_rent 1 num_rent_review_mentions
df_hybrid['policy_housing y ntions'] = num_housing_supply_mentions

print('\nDataFrame with add gate cy featu
display(df_hybrid.head())

Number of policy entries mentioning rent increase caps: 180

Number of policy entries mentioning rent review criteria: 180
Number of policy entries mentioning housing supply details: 180

DataFrame with added aggregate policy features:

Figure 18: Aggregated Hybrid Dataset Creation

Geographical areas features were standardised to normal location attributes like “Dublin”,
“Lucan”, “Killiney”, etc as seen in Figure 16, which was then used to filter out Dublin
specific policies from the refined dataframe as seen in Figure 19.

© policy_df_refined = policy_df.copy()

isinstance(area_info, dic are in area_info:
area_nane = area_infol a
ple standarc
standardized_name
r tandardization inv

= area_name. lower().strip()

i ve m ) v
locations.append(standardized_name)

returr (set(locations Return uniqu ) d

policy_df_refined('st ¢ ns'] = policy_df_refined (' geograr c ed').apply(extract_and_standardize_locations)

print(*\n¢ 1 t 1 € € P
display(policy_df_refined ) 1. head

isinstance (i
nt(unique_counties)

int(

df_no_outlie
leaned_df
tance(ites,

if not locations:
return
Check if 'dublin’'
dublin_keywords = []
int
dublin_keywords. extend (unique_counties)
dublin_keywords.extend (unique_cities)

dublin_keywords = sorted(1ist(set(dublin_keywords)))
rd r er ut
keyword in dublin_keywords

1.apply(is_dublin_related)

rpz_mentions(area_list):
=0

f isinstance(area_list
in area_infol
isinstance(area_info, d i in area_infol
count += 1
rn count
policy_df_refined['rpz_mentions 1 = policy_df_refined[ a 1. y(count_rpz_mentions)
total_rpz_mentions_in_dublin_related_polici:

print( ber of po s . Dub ated dublin_related_policy mentions}")
print( total_rpz_mentions_in_dublin_related_policies

Figure 19: Standardization and Filtering of Refined Dataset
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Finally, these features were merged with the aggregated policy features and this formed the
newly defined Hybrid Dataset as shown in Figure 20.

[ ] # Count the number of policy entries (chunks) that are col
num_dublin_related_policy_mentions = policy_df_refined[

licy typ

if isinstance(area_list, list):
for area_info in area_list:
if isinstance(area_info, dict) and 'area_type' in area_info and 'Rent Pr in area_info['a
count += 1
elif isinstance(area_info, dict) and ‘ar me' in area_info and 'Rent ' in area_infol[ me']: # Sometimes type is in name

count += 1
return count

policy_df_refined['rpz_mentions_count'] = policy_df_refined['geographical eta 1.apply(count_rpz_mentions)
total_rpz_mentions_in_dublin_related_policies = policy_df_refined[policy_df_refined lin_rela cy'11['rpz_mentions

print(f"\nNumber of policy fiec {num_dublin_related_policy_mentions}"
print(f"Total count of RPZ ment Dublin entries: {total_rpz_mentions_in_dublin_related_policies}")

Figure 20: Final Hybrid Dataset

4 Policy Driven Implementation

A. Data Splitting
Following the derivation of the Hybrid dataset, the following steps include splitting of the
Hybrid dataset into training and testing subsets using the split function earlier defined as
shown in Figure 21

© X_hybrid_refined, X_hybrid_refined_test, y_hybrid_refined, y_hybrid_refined_test = split_data(df_hybrid_refined)

print("\nPrepared Refined Hybrid Feature set (X_hybrid_refined) head:")
display(X_hy ined.h ))

print("\nPrepared Refined Hybrid Target variable (y_hybrid_refined) head:")
display(y_hybrid_refined.head())

print("\nInfo of the Prepared Refined Hybrid Feature set (X_hybrid_refined):")
X_hybrid_refined.info()

X train shape: (2015, 77),

X_test shape: (504, 77),

y_train shape: (2015,),

y_test shape: (504,)

Prepared Refined Hybrid Feature set (X_hybrid refined) head:

furnish_Unfurn

furnish Furnished

bathroom bedroom longitude latitude price_per_bedroom furnish_ Furnished

Figure 21: Split Hybrid Data

B. Model Building and Training
The earlier defined regressor model along with the same parameters are also used to test the
hybrid model as shown in Figure 22.

© hybrid_model = RandomForestRegressor(xkbest_params, random_state=42)
hybrid_model.fit(X_hybrid_refined, y_hybrid_refined)

v RandomForestRegressor (i 7}

RandomForestRegressor(n_estimators=50, random state=42)

Figure 22: Hybrid Model Training

5 Evaluation and Explainability
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This section covers the evaluation performed on the dataset, and the tools used for the
model’s explainability.

D. Model Evaluation

The same feature importance analysis and metrics used to evaluate the baseline model, was
used in this step as seen in Figure 23, along with a comparison with the baseline model’s
performance.

[»] ake pre on the t set Top 15 Most Important Features (Hybrid Model)
_h; brid_model.predict(X_hybrid_refined_test)
price_per_bedroom

# Calculat aluation met s bedroom
mae_hybrid = mean_absolute_error (y_hybrid_refined_test, y_hybrid_pred)

mse_hybrid = mean_squared_error(y_hybrid_refined_test, brid_pred) bathroom
rmse_hybrid = np.sqrt(mse)

r2_hybrid = r2_score(y_hybrid_refined_test, y_hybrid_pred)

county_Dublin 4

lattude
# Print
print( ef ined r luatic ) ongitude
print( B
print( L cv-souh oubin ciry
print( 2 city_North Dublin City
print( K
city_Dublin City Centre
# Print ne e an us hybrid models for co
print( Mod b county_Dalkey
county_Dublin 2
" in globals() and 'r2' in globals(): county_Dublin 5
city_South Co. Dublin
print(f" roperty type Apartment
print(f" P Y type_Ap:
print(f* R-s. d r2:.2 county_Blackrock
print(“Baseline jation metrics are not ava n the current L o o2 o3 Ly
mportance.

Refined Hybrid Model Evaluation
Mean Absolute Error (MAE):
Mean Squared Error (MSE): 21102.70
Root Mean Squared Error (RMSE): 142.40

Importance of Policy Features:
R-squared (R2): 0.98

- policy_rent_increase_mentions: 0.000000
policy_rent_review_mentions: 0.000000
—-—- Model Comparison — | T D:

Baseline Model Evaluatio
Mean Absolute Error (MAE): 25.93
Mean Squared Error (MSE): 20278.33
Root Mean Squared Error (RMSE): 142.40
R-squared (R2): 0.98

policy_housing_supply mentions: 0.000000
policy dublin_related mentions: 0.000000
policy rpz_mentions: 0.000000

Figure 23: Hybrid Model Evaluation and Feature Importance

E. Model Explainability

The hybrid model was further evaluated using SHAP and LIME to explain the model’s
predictions. The implementation and results are as seen in figures 24 and 25
respectively.

SHAP Summary Plot (ybrid Model)

Hgh
bedroom ) -’-._.... . s
price_per_bedroom --——w.-n----- e
bathroom -
plaine hap. TreeExplainer (hybrid_model) latitude '+
J county_Dublin 4 }
print( ]
shap_values = explaine values (X_hybrid_refined_test) longitude I-
print( )
Calculating SHAP values... city_Dublin City Centre l
SHAP values calculation complete.
city_North Dublin City l
i ) property type_Apartment l °
shap. summary_plot(shap_values, X_hybrid_refined_test, plo 2
Te( 1 ) county_Dublin 2 | 3
show() o
city_South Dublin City l 2
shap. summary_plot (shap_values, X_hybrid_refined_test, show= 3
tle( ) furnish_Furnished or unfumished | =
property type_House I
inportant_featu [ o o ; city_North Co. Dublir |
print(~\iGenerating SHAP depe county_Blackrock |
X_hybrid_re
p.dependence_plot( ap_va ybrid_ref inec interaction_index=! 5 furnish_Unfumished
itle( ~ )
how() furnish_Fumished |
print( feature city_South Co. Dublin |
county_Dublin 6 |
county_Dalkey |
Low

1000 0 1000 2000 3000
SHAP value (impact on model output)
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Figure 24: SHAP Implementation and Results

from the hybrid test data
feature_names = X_hybrid_refined_test.columns.tolist()
a LIME ainer
explainer_lime = lime.lime_tabular.LimeTabularExplainer(
training_data=X_hybrid_refined.values, # Use the training data values (numpy array)
feature_names=feature_names,
mode='reg sion"

# Choose an instance from the test set to explain (e.g., the first instance)
instance_idx = 0

instance_to_explain = X_hybrid_refined_test.iloc[instance_idx].values # Get the values as a numpy array
true_price = y_hybrid_refined_test,iloc[instance_idx] # G he true pric

predicted_price = hybrid_model.predict(instance_to_explain.reshape(1, -1))[0] # Predict price for the instance

print(f"Explaining predic n for instance {instance_idx}:")
print(f"True Price: {true_price:.2f}
print(f"Predicted Price: {predicted_price:.2f}")

# Generate ar anation for the chosen instance
# num_feature er of feature > include in the explanation
explanation xplainer_lime.explain_instance(
data_ro! stance_to_explain,
predict_fn=hybrid_model.predict,
num_features=10 # You can adjust the number of features

vil y y > n : )rowser tab or render in the notebook output

print("\nVisuali planation:")
explanation.show_in_notebook(show_table=True, show_all=

Visualizing LIME explanation:

Predicted value negative ositl Feature Value

1.00 < bedroom <=...
63460 [0 ] 9098.00 1066.¢
(min)  2319.20 (max)

T
county_Kilmacud 0.00
county_Dublin 17 0.00
county_Kilsallaghan 0.00
city_Co. Dublin 0.00

county_Kiliney 0.0

county_Deansgrang...

682.92
county_Monkstown ...
670,26
county_Donabate <=...
611.00

county_Killiney <=...

575.32!

county_Dalkey <= 0.00
453.27

Figure 25: LIME Implementation and Results

6 Conclusion

This document presets a step-by-step approach in representing the technical implementation
of this research. To replicate the code and achieve the same results and gain a deeper
understanding for the inner working of the project, follow this outlined pathway.

Report Presentation video link
Code Presentation video link
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https://youtu.be/V8G4ZwPCVVw
https://youtu.be/V8G4ZwPCVVw
https://youtu.be/V8G4ZwPCVVw
https://youtu.be/l2p0c0k0dxQ

